ABSTRACT The artificial bee colony (ABC) algorithm has the problem of slow convergence and may be trapped into local optimum. In this paper, a multi-species ABC (MABC) algorithm is proposed based on the multi-swarm model. The MABC algorithm uses dynamic segmentation of the swarm and a co-evolution strategy. The strategy of dynamic segmentation divides the colony into multiple sub-species, and the species communicate with each other using the co-evolution strategy. The combined global communication pattern and local communication pattern are applied among sub-species. In order to test the performance of the algorithm, experiments are conducted on the CEC'05 Test Functions. To test the performance of the algorithm in crowd simulation for evacuation, we simulate it through a crowd simulation system for evacuation, and the MABC algorithm improves the efficiency of crowd evacuation.
I. INTRODUCTION
The concept of swarm intelligence (SI) comes from observing insect populations in nature. It is the macroscopic intelligent behavior characteristic of a group of organisms that live through collaboration [1] . Typical algorithms in SI include ant colony optimization (ACO) and particle swarm optimization (PSO) [2] , [3] . The artificial bee colony algorithm (ABC) was proposed by Karaboga and Basturk [4] in 2005 by applying the foraging behavior of bees to the function optimization problem. This algorithm has obvious advantages in complex combined optimization problems and has been successfully applied in many fields such as fuzzy clustering, artificial neural networks and sensor networks [5] - [7] . The ABC algorithm also has some problems such as a slow convergence rate, and it easily falls into the local optimum similar to other swarm intelligence algorithms [8] . For the above problems, some scholars have proposed different improved algorithms to improve the performance of the algorithm.
The dynamic segmentation strategy is appropriate for crowd grouping [9] , [10] . In this paper, we use this strategy to group bees that choose the same source of honey. Co-evolutionary algorithms (CEA) establish a competitive improves the convergence speed of the algorithm by updating the honey source location.
The main contributions of our paper are listed below. 1) To improve the performance of the ABC algorithm, a MABC algorithm based on the multi-swarm model and the original ABC algorithm is proposed, and a coevolution strategy is used to enhance the communication between sub-species.
2) The MABC algorithm combines global and local communication modes. The global communication mode can improve the convergence speed of the algorithm, and the local communication mode can expand the diversity of the population.
3) The performance of the MABC algorithm is tested by function optimization problems and crowd evacuation simulation. By comparing with other related algorithms, the advantages of this algorithm are shown. The paper is organized as follows. Section 2 describes the related work on ABC algorithm and crowd evacuation simulation. Section 3 introduces the idea and process of the MABC algorithm in detail. Section 4 makes performance experiments and analysis on the function optimization problems. Section 5 performs simulation experiments to show the efficiency of the algorithm proposed in this paper. Conclusion and future research focus are described in Section 6.
II. RELATED WORK A. ABC ALGORITHM
The original ABC algorithm divides the artificial bees into three categories by simulating the actual honey bee collection mechanism: employed bees, onlooker bees and scout bees [4] . The goal of colony is to find the largest honey source. Employed bees use the previous nectar information to find new nectar sources and share the nectar information with the onlooker bees. Onlooker bees wait in the hive and search for new nectar based on the information shared by the employed bees. The scout bees find a new and valuable source of honey by randomly searching for nectar near the hives [19] , [20] .
The artificial bee colony algorithm has the advantages of simple calculation, easy implementation, etc. Many scholars have conducted in-depth research. Karaboga and Basturk [4] compared the performance of the original ABC algorithm with the performances of differential evolution, particle swarm optimization and evolutionary algorithms to solve multi-dimensional numerical problems. The study in [5] ABC is used for data clustering on benchmark problems and the performance of ABC algorithm is compared with Particle Swarm Optimization algorithm and other nine classification techniques from the literature. The study in [8] a modified search equation was applied to generate a candidate solution to improve the search ability of ABC. In [19] , a modified version of the artificial bee colony algorithm was introduced and applied to solve the parameter optimization problem. Biswas et al. [21] proposed an information sharing artificial bee colony algorithm for locating and tracking multiple peaks in non-stationary environments. Das et al. [22] simulated by the artificial bee colony algorithm to develop a robust search technique that exhibits elevated performance in multidimensional objective space. Lin et al. [23] proposed a novel artificial bee colony algorithm with local and global information interaction, called ABCLGII. Cui et al. [24] proposed an adaptive method for the population size (AMPS). AMPS is inspired by the natural principle that the size of a population is affected by the availability of food resources.
B. CROWD SIMULATION FOR EVACUATION
In social life, fires, earthquakes and stampede events sometimes occur. If evacuation does not occur quickly, it causes casualties and property losses [25] . In-depth research on crowd evacuation movement has practical significance and practical value [26] . Traditional crowd evacuation drills are not only time-consuming and labor-intensive but also may cause casualties. Therefore, crowd animation simulation has become a popular direction for researching crowd evacuation [27] . Simulation of real evacuation scenarios allows quickly and easily observing evacuation scenes but also provides better suggestions for crowd evacuation [28] .
The crowd evacuation model is divided into two categories: the macro model and micro model. The macro model studies the entire system from a global perspective, and it is difficult to express human-human interactions. Typical models include fluid dynamic models and queuing network models, etc. [29] . The microscopic model studies group movements from the perspective of individual behavior, which compensates for the deficiencies of macro models. Typical models include the cellular automatic model, the social force model and the agent-based model [30] .
Because crowd evacuation is a complex physical process, no simulation model can completely describe the various behavioral details in the evacuation process. Therefore, building evacuation simulation models that cover more behavioral details is a major research trend in evacuation simulation [31] . The rational path planning based on the characteristics of pedestrian movement in real scenes is the core issue that needs to be studied in crowd evacuation simulation in complex scenes [32] .
III. MABC ALGORITHM A. ABC ALGORITHM
Assume the solution space of the problem is D-dimensional. Both the number of employed bees and onlooker bees are SN, which is equal to the number of nectar sources. The original ABC algorithm solves the optimization problem as a search in D-dimensional search space. The location of the nectar represents a possible solution to the problem, and the number of nectar sources corresponds to the fitness of the corresponding solution. Employed bees and nectar sources correspond to each other.
1) EMPLOYER BEE PHASE
The employed bee corresponding to the i th nectar source looks for a new honey source according to the following formula:
In this formula, where i takes values {1, 2, ..SN } and d is {1, 2, ..D}. And rand is a random number within the range of [−1, 1]. The original ABC algorithm compares the newly generated possible solution with the original solution and adopts a greedy selection strategy to preserve the better solution.
2) ONLOOKER PHASE
Each onlooker bee chooses a nectar source according to the following probability formula:
where p i represents the probability that the i th honey source is selected, and fitness i represents the quality of the i th honey source, which is the fitness value of the i th solution. The formula is as follows:
The f i is the objective function value of the i th solution, and the probability of each bee source chosen is proportional to the fitness.
3) SCOUT PHASE
When the employed bees and onlooker bees search the entire search space, the nectar source is discarded, and the employed bee corresponding to the nectar source becomes a scout bee if the adaptation value of a nectar source is not raised within a given control parameter limit. Scout bees search for new possible solutions using the following formula:
where xmin d and xmax d are the lower and upper bounds of the dimension d.
To understand the principle of the ABC algorithm, we give the operation flow chart. The flow chart of the ABC algorithm is shown in Fig.1 .
B. MABC ALGORITHM
In the original ABC algorithm, the individual differences in the swarm decrease gradually with the increase in the number of evolutions. Most of the methods only consider the interactions and collaborations of individuals within the swarm while neglecting the communication among the swarm. In this paper, we propose a multi-swarm artificial bee colony algorithm called MABC. First, the dynamic segmentation strategy is used to divide the swarm into multiple sub-populations. Then, the exchange of information between sub-populations uses the co-evolutionary strategy. 
1) DYNAMIC STRATEGY OF SEGMENTATION
In the ABC algorithm, employed bees and food sources correspond to each other. Onlooker bees select a food source based on the probability formula. If the fitness of a food source is not increased within a given step, the food source is discarded, and the employed bee corresponding to the food source becomes a scout bee. Thus, the ABC algorithm is a dynamic adjustment process.
The specific steps for population dynamic segmentation are as follows:
Step 1: Initialize the cluster center randomly.
Step 2: Divide the honey source into each cluster center according to the Euclidean distance method.
Step 3: Recalculate the arithmetic mean of all nodes in the cluster to obtain the updated center point of the clusters.
Step 4: Calculate the sum E of the mean squared deviations from the current honey source to the corresponding cluster center using the formula (5), where x i represents one honey source in the sample, and m j represents the cluster center of the jth cluster.
Step 5: If the sum E of the mean squared deviation of the current number of iterations is the same as the previous time, clustering ends. Then, go to step 6. Otherwise, go to step 2.
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Step 6: Output the honey source clustering result.
Assume that the number of honey sources are 100. According to the population segmentation method in this paper, we finally divided them into 10 sub-populations. The division results are shown in Figure 2 . Individuals of the same color are considered as a sub-population. 
2) LOCAL COMMUNICATION MODE
After the population is divided, the selection and role conversion of the employed bees are conducted with the sub-population C as the unit. Sample objects in the same population have the highest similarity. The probability formula for employed bees selected by onlooker bees was changed to the following formula:
In the formula, p c,i represents the probability that the i th leader bee in group c is selected. fitness c,i represents the quality of the i th honey source in group c, that is, the fitness value of the i th solution in group c. Where n represents the number of honey sources in group c.
The fitness function based on the local communication mode simultaneously considers the number and distance of the honey sources in the sub-population, so the robustness of the algorithm is improved. The fitness function based on the local communication mode replaces the fitness function formula in the ABC algorithm with the following formula:
where fitness i represents the quality of the i th honey source, which is the fitness value of the i th solution. The improved objective function value F i calculation formula is shown by the following formula:
where X i ∈C j D(X i , C j ) represents the sum of distances from all honey sources in cluster C j to the cluster centers and Num j represents the number of honey sources in population C j . The F i is the objective function value of the i th solution, and the probability of each bee source chosen is proportional to the fitness.
3) GLOBAL COMMUNICATION MODE
When the ABC algorithm uses the original position update formula, it leads to a lack of communication and information sharing between the employed bees and the bee colony, and the algorithm is easily trapped in a local optimum. After population segmentation, a new honey source location update formula based on global communication is proposed. The formula is as follows:
In the formula, V ij represents the honey source after the update, X Cbest,j represents the clustering center of the subspecies with the highest honey richness. Each solution X i is a D-dimensional vector, j = 1, 2, ..D. Where k represents the position of the honey source of learning, k and j are selected randomly. And θ is a random number in the range [−1, 1].
The ABC algorithm only weighs the richness of the food source in its location and historic optimal location. The MABC algorithm is based on the global communication method to add the guiding factor so that the employed bees can refer to the current optimal position in all sub-species and has good direction.
From the composition of the new location update formula, if the location of the current individual is far from the optimal location in the current population, the individual will increase their own step size in the next iterative search and approach the global optimal location as soon as possible. Otherwise, it approaches slowly.
4) CO-EVOLUTIONARY STRATEGY
After dividing the search space, the population exchange phase begins. First, the sub-swarm runs the ABC algorithm independently to achieve evolution within the population. When the communication cycle is reached, the populations can migrate to each other.
The sub-swarm communicates among neighbors and then transmits the employed bee to the central area when the communication cycle is reached. The global communication mode improves the convergence rate of the algorithm, and the local communication mode expands the diversity of solutions.
The model of this algorithm is described in Fig.3 :
5) MABC ALGORITHM PROCESS
The specific steps of the MABC algorithm proposed in this paper are as follows:
Step 1: Bee populations are initialized according to the ABC algorithm, including the population size, the maximum number of iterations, the fitness threshold, dimensions, etc.
Step 2: Using the Euclidean distance method in the K-means clustering algorithm, the bee colony population is divided into C sub-populations. Each sub-population runs independently.
Step 3:
The fitness values of the bees in N sub-populations are calculated separately according to formula (7) . Half of the fitness value is higher as the employed bees remain as onlooker bees.
Step 4: The employed bees in C j search for a honey source according to formula (9) and calculate a honey source fitness value according to formula (7) . If the fitness value increases, the honey source is updated. Otherwise, the original honey source remains unchanged.
Step 5: Employed bees provide information on the richness of the honey source. The onlooker bees select the employed bees according to formula (6) and use formula (9) to perform a neighborhood honey source search.
Step 6: Update the C j status. The number of iterations increases by 1. If there is still a non-renewed honey source after the number of iterations reaches Limit, a new honey source is generated by the scout bee according to formula (4).
Step 7: When the number of iterations reaches the maximum number of iterations MaxCycle, the algorithm ends. Otherwise, return to step 3.
IV. EXPERIMENT ON FUNCTION OPTIMIZATION
To test the algorithm's performance in function optimization problems, we used CEC'05 test functions for testing, and the test environment is MATLABR2016a. In the experiment, the operating system is Windows 10, and the processor is an Intel(R)Core(TM)i7-6700 CPU @ 3.40GHZ, with 16 GB RAM.
The experiments are conducted on the CEC'05 Test Functions, and the tested dimension size D is set to 30. The average results and standard deviation are presented in Table 1 . The first 5 functions are unimodal functions, while the remaining functions are multi-modal functions. To be specific, The number of food sources SN is set to 100, and the parameter limit is set to 50. For the stopping criteria, the maximum number of iterations MaxCycle is set to 1000. Each algorithm is run 50 times per function.
As shown in Table 1 and Fig.4 , MABC achieve better results than the other algorithms on almost of the benchmark functions. The algorithms used for comparison purpose are given in [16] . The MABC algorithm achieved the minimum results over 25 test functions. The mean value reflects the convergence speed and optimization accuracy of the algorithm. And the standard deviation reflects the stability and dispersion of the algorithm. Therefore, the MABC algorithm has better convergence speed and optimization accuracy, and it has higher stability.
V. CROWD SIMULATION FOR EVACUATION A. THE RELATIONSHIP BETWEEN MABC ALGORITHM AND CROWD EVACUATION
We use MABC algorithm to carry out macro path planning in crowd evacuation process. The relationship between MABC algorithm and crowd evacuation is shown in Table 2 . Its essence is the optimal path problem under the current conditions in the search scene.
B. SIMPLE SCENARIO OF EXPERIMENT
Based on the above theoretical foundation, we conducted the simulation experiments about crowd evacuation on our experimental simulation system. The operating environment 
C. EXPERIMENTAL RESULTS OF SIMPLE SCENARIO
In the same scenario, the evacuation time comparison is performed for different numbers of people using the ant colony optimization (ACO) algorithm, the particle swarm optimization (PSO) algorithm and the MABC algorithm. The experimental data were averaged from 50 experiments for different numbers of evacuation populations using three algorithms. Fig.6 compares the times of evacuation for different evacuation numbers of the three algorithms for 2 doors and 4 doors.
As seen in Fig.6 , as the number of evacuees increases, the evacuation time also increases. Figure (a) is the evacuation time for the three algorithms in the two doors scenarios. Figure (b) is the evacuation time for the three algorithms in the four doors scenarios. The use of the MABC algorithm to guide the evacuation effect is significantly better and effectively reduced the evacuation time. It is more applicable to crowd evacuation simulations and quickly evacuates the crowd. In both evacuation scenarios, the algorithm shows good performance. And we can see that the evacuation scenarios of the four doors are obviously superior to the evacuation scenarios of the two doors. Fig.7 and Fig.8 are diagrams of the evacuation for 200 people and 400 people in the case of two exits and four exits, respectively. Figure (a) shows the evacuation result of two doors scenes and Figure (b) shows the evacuation result of four doors scenarios as shown in Fig.7 . This is also the case in Fig.8 , but the numbers are 400. As seen in the figures, the MABC algorithm is used to guide the evacuation process, and the crowds are evacuated to effectively reduce congestion. The dynamic segmentation and co-evolutionary strategies of the population enhance communication among evacuated populations. Therefore, the MABC algorithm makes their evacuation efficiency faster and more consistent with the real scene. At the same time, we see that the evacuation scenarios for the 4 doors are better than the evacuation scenarios with 2 doors, which also provides an effective reference for building design. is the evacuation result of the 4 doors scenario. We have found that when these two algorithms are used to guide the evacuation of people, there is an unreasonable use of exports, which can cause crowd congestion. This phenomenon is caused by the fact that the ACO algorithm and the PSO algorithm do not realize the communication between particles. So the evacuation results have a clear gap compared with our proposed algorithm.
D. COMPLEX OFFICE SCENARIO OF EXPERIMENT
In our evacuation simulation system, in order to further verify the effectiveness of the MABC algorithm, we use a complex office scenario. The path information of the individual is generated in the experimental platform of the simulation experiment system, the path information is output and saved, and then imported into the Matlab R2016a for drawing. The effect of the MABC algorithm for path planning is shown in Figure 11 , and the number of evacuees is 500. Randomly initialized in a certain location in the office, its initialization direction is also random. Figure 11 (a) is the initial position of the crowd in a complex office scenario when planning a macro path using the MABC algorithm, and the population distribution is more uniform. From Fig. 11 (b) we can see that when the evacuation starts, the group will select the nearest exit, and the two main evacuation exits will not have congestion. As the evacuation progresses, the exit congestion occurs during the evacuation process, as shown in Figure 11 (c) and Figure 11 (d) . In order to reduce the evacuation time, the subsequent individuals select the less crowded but less crowded outlets by comparing the two outlets, instead of the closer but more crowded outlets. As shown in Figure 11 (e), the evacuation time is greatly reduced. Figure 11 (f) shows the evacuation location of the crowd when the evacuation is to be completed. The two major exits are evacuated almost simultaneously and no congestion occurs, which not only improves the utilization of the exit but also greatly reduces the evacuation time. The entire evacuation process is timely and orderly, and the different groups represent pedestrians and peers, which is consistent with the phenomenon of small groups in the real scene.
In this complex office scenario, we compare the MABC algorithm with the ACO algorithm and the PSO algorithm. The ACO algorithm is prone to stagnation in searching for the optimal path, which is not conducive to finding a better solution. Subsequent individuals chose the upper pheromone to export more. The phenomenon of congestion occurred and the utilization rate of the lower export was low, which increased the evacuation time of the crowd. The PSO algorithm is easily trapped into local optima and the individual movement is not constrained. when the outlet congestion time is long, the individual will choose another outlet, which makes the outlet utilization rate low and greatly increases the evacuation time. In the complex office scenario, the above three algorithms are used to compare the evacuation times for different numbers of people. The experimental data were averaged from 30 experiments for three different populations of evacuation. Figure 12 is a comparison of evacuation times for the three algorithms. As can be seen from the figure, with the increase in the number of evacuations, the evacuation time also increases. When the evacuation route is planned using the MABC algorithm, the evacuation effect is significantly better. The MABC algorithm can effectively reduce the evacuation time, which can be better applied to crowd evacuation, and quickly evacuation of the crowd.
VI. CONCLUSION
This paper introduces a multi-species artificial bee colony (MABC) algorithm based on the original ABC algorithm and multi-swarm model. The MABC algorithm uses a dynamic segmentation strategy to split the colony into many subspecies. The fitness function based on the local communication mode simultaneously considers the number and distance of the honey source in the sub-population, so the robustness of the algorithm is improved. This paper also proposes a new honeybee location update formula based on a global communication mode. The sub-swarm communicates among neighbors and then transmits the employed bee to the central area using a co-evolution strategy when the communication cycle is reached. To test the algorithm's performance in function optimization problems, we used 25 standard benchmark functions for testing. The experimental results show that the MABC has better convergence speed and optimization accuracy. Additionally, the algorithm is applicable to simulations of crowd evacuation and can effectively reduce evacuation time. In order to further improve the performance of the MABC algorithm, we will continue to study the algorithm's dynamic segmentation method and co-evolution strategy, so that the algorithm can be applied to more practical problems.
